In a case-based reasoning system, adaptation is a complicated task since it requires domain-specific knowledge, which is generally difficult to define. To acquire such knowledge, we propose a semi-automatic approach based on Formal Concept Analysis (FCA) techniques. We use Logical Concept Analysis (LCA), a generalization of FCA, to extract adaptation conditions that enhance the retrieval and adaptation processes. In this paper, we present this approach, that has been implemented in COBRA, our ontology-based CBR platform, and applied to the diagnosis of gas sensor failures.
Introduction

Case-based reasoning (CBR)
1,2 is a problem-solving approach used to solve a new problem, called target problem, by remembering a previous similar situation, called source problem, and by reusing information and knowledge of that situation. In a CBR system, adaptation is a key process, since it allows developing a new solution for a given problem based on solutions of similar problems. This process requires specific domain knowledge that is generally difficult to define manually, especially when it concerns an area where knowledge is not well formalized. We propose thus to acquire such knowledge using a semi-automatic approach that includes the following two phases: the first is off-line and aims to acquire adaptation knowledge from a case-base using techniques of Formal Concept Analysis (FCA). The second phase is on-line and requires the help of expert users to refine the acquired knowledge during problem-solving sessions. In this article, we are interested particularly in the off-line phase.
We applied this approach to the diagnosis of gas sensor failures, safety devices that play an essential role in the functioning of safety barriers (such as emergency safety valves or automatic extinguishers) installed in industrial plants. Such sensors are intended to detect certain gases so that if there is a leak somewhere in the plant, a safety action can be undertaken either automatically or by means of a human intervention. Failures may arise due to a variety of reasons, some of which are often not obvious to the plant operator and therefore require the intervention of an expert. In this context, a CBR system can be used to guide operators and experts through the diagnosis of new failure situations. A case represents a diagnosis situation in a given industrial environment; i.e. the description of the environment where the sensor was installed, as well as the cause(s) of its failure.
In this article, we present our approach to acquire adaptation knowledge, that we implemented in COBRA our platform designed for the development of ontologybased CBR systems.
Adaptation Knowledge Acquisition
Our system relies on two knowledge models (domain and case) (Fig. 1) , 3 which are represented in a single ontology, denoted O.
The concepts of this ontology are described by a set of properties, denoted P. This ontology has been populated with instances constituting the vocabulary used to describe cases, denoted V. As in Ref. 4 , we denote by Problemes the problems space, and by Solutions the solutions space. A binary relation, Sol, is defined over human intervention. Failures may arise due to a variety of reasons, some of which are often not obvious to the plant operator and therefore require the intervention of an expert. In this context, a CBR system can be used to guide operators and experts through the diagnosis of new failure situations. A case represents a diagnosis situation in a given industrial environment; i.e. the description of the environment where the sensor was installed, as well as the cause(s) of its failure.
Our system relies on two knowledge models (domain and case) ( Fig. 1) 3 , which are represented in a single ontology, denoted O. The concepts of this ontology are described by a set of properties, denoted P. This ontology has been populated with instances constituting the vocabulary used to describe cases, denoted V. As in 4 , we denote by Problemes the problems (Problemes × Solutions) to signify "has for solution". A case is represented by a pair (pb, Sol(pb)) such that pb ∈ Problemes and Sol(pb) ∈ Solutions. The two parts of a case are described by elements (instances) of V. Given a target problem, denoted tgt, the reasoner aims to find a solution for this problem, denoted Sol(tgt). It retrieves first a similar source case, denoted (srce, Sol(srce)), then, it tries to adapt Sol(srce), using some adaptation knowledge, in order to propose a candidate solution. The adaptation, in our approach, follows the transformational model 5 that consists in transforming the differences between problems into differences between solutions. To represent such differences, we use the notion of reformulation. A reformulation is defined as a pair (r, A r ) where r is a relationship between problems and A r is an adaptation function applied to solutions (Fig. 2) . A reformulation (r, A r ) means that if a problem tgt is related to another problem srce by the relation r, Sol(tgt) can be then obtained using A r such that: A r (srce, Sol(srce), tgt) = Sol(tgt).
A relation r corresponds to a set of substitutions Σ such that: Σ = {α β |α, β ∈ V}.
a An adaptation function A r corresponds also to a set of substitutions Σ such that: Σ = {γ ω|γ, ω ∈ V}. In our work, Σ is generated automatically from Σ as follows:
The substitutions Σ can be identified thanks to the relations between instances in the knowledge base. In general, a substitution β α is accepted when β and α are "similar"; i.e. it can be tolerated to replace α by β in a source case to adapt its solution to the target problem. We may also have substitutions by generalization (when β subsumes α) or by specialization in the opposite case.
Adaptation conditions
We affirm that the fact that α is "similar" to β is not in itself a sufficient condition to replace β by α, there are other conditions to be met. To illustrate a α β means that α replaces β. this idea, consider a simple example inspired by our domain of application: let Case srce = (srce, Sol(srce)) be a source case described as follows:
"An infrared gas sensor (detector ) is installed in a site to detect hydrogen. The sensor failed to detect a hydrogen leak. After diagnosis, it turned out that all infrared sensors fail to detect hydrogen, and that the sensor technology has been badly chosen".
We represent this case using elements of V as follows:
where technology-not-adapted is an instance of the ontology, and is related to the instances, IR and H 2 , to express that: "IR cannot detect H 2 ". Consider now the query tgt where an infrared sensor failed to detect methane (CH 4 ); i.e.:
By reusing cas srce and by referring to the knowledge base, where H 2 and CH 4 are instances of the same concept "Flammable Gas", the relation r between tgt and srce corresponds to the following set of substitutions:
Following the formula 1, we obtain Σ such that:
Therefore, Sol(tgt) is obtained by adapting Sol(srce) such that:
which expresses that "IR cannot detect CH 4 ". This result is however false, which casts doubt on the substitution: CH 4 ? H 2 . We note that the similarity between two instances of the ontology is not sufficient to accept to substitute one by another to obtain a new solution. In our example, the substitution is not valid because CH 4 is not a mono-atomic gas like H 2 , which was found, afterwards, the origin of the cause; i.e. infrared sensors fail to detect mono-atomic gases. This shows that for a given substitution, some information, specific to the domain, are sometimes necessary to verify the eligibility of this substitution. We call this type of information "adaptation conditions", which represent our adaptation knowledge.
Formal concept analysis
Formal Concept Analysis (FCA) is a subfield of Applied Mathematics based on the mathematization of concepts and concept hierarchy. 6 FCA can be seen as a symbolic classification method that aims to discover all possible groupings of objects , I ), where G is a finite set of objects, M is a set of attributes, and I ⊆ G × M is a binary relation between G and M. A pair (g, m) ∈ I indicates that the object g ∈ G has the attribute m ∈ M. In order to identify the formal concepts of a given formal context K, two derivation operators are defined: for each A ⊆ G and B ⊆ M:
We call a pair C(A, B) a formal concept of K = (G, M, I) iff:
where A represents the extension that contains all the objects belonging to the concept, denoted ext(C), and B represents the intension that contains all the attributes shared by the objects, denoted int(C). The formal concepts of K can be ordered partially by a subsumption relation, denoted ≤ c , such that:
The ordered set of all formal concepts of (G, M, I) is denoted by B(G, M, I) and called the concept lattice of (G, M, I). A formal context is represented by a binary table, while a concept lattice is represented by a Hasse diagram where nodes correspond to formal concepts and arcs correspond to subsumption relations.
The formal context presented till now is called a single-valued context, since its attributes can take only binary values (1, 0) describing whether an attribute belongs or not to some object. When attribute values are varied, then context is called a multi-valued context. In this case, the concept lattice can be constructed by transforming the multi-valued context into a single-valued context. This transformation is done in our work by applying a conceptual scaling: each multi-valued attribute m ∈ M is replaced by the set of its values (for more details, see Ref. 6).
Ferré et al. 7 proposed a generalization of the FCA where attributes are replaced by expressions of some logic, in particular the propositional logic in which we are interested in this work. They called their approach Logical Concept Analysis (LCA). In this approach, a context is defined by a triple (G, L, i) where G is a set of finite objects, L is a propositional logic whose deduction relation is |= and disjunction and conjunction operations are, respectively, ∨ and ∧. i : G → L is then a function that associates to each object a logical formula representing the intention of the object. The derivation operators are defined as follows: for each A ⊆ G and f ∈ L: is a pair (G, f ) where G ⊆ G and f ∈ L such that: G = f and f = G. The subsumption relation ≤ c between concepts is defined as follows: Let (G 1 , f 1 ) and (G 2 , f 2 ) be two concepts:
Acquisition Approach
Let pb 1 , and pb 2 be two problems whose solutions are Sol(pb 1 ), and Sol(pb 2 ), respectively. We recall that according to the principle of CBR, similar problems have similar solutions. To acquire adaptation knowledge, we add another assumption: "if two problems have two similar solutions, this is due to similarities between these problems". We think this assumption is well suited for diagnosis problems. Our approach consists thus to find similarities, in terms of attributes, between the problems of cases having similar solutions. To do this, we use the FCA techniques 6 allowing us to automatically discover regularities between given cases. Such regularities are then transformed into conditions controlling the adaptation process, particularly the eligibility of identified substitutions.
Definition. An adaptation condition is a condition associated to an attribute, α ∈ V, of a source case. This condition allows us to determine the eligibility of each substitution α β, where β ∈ V is an attribute of a target problem.
Let α β be a substitution such that α, β ∈ V. We have defined three types of adaptation conditions:
(1) Equality condition: α β is eligible if α = β, which represents the null substitution.
(2) Concept-based condition: α β is eligible if ∃ o ∈ O such that α and β are instances (direct or not) of the concept o. (3) Property-based condition: α β is eligible if α and β have the same values of some properties in common; i.e. ∃P ⊆ P, ∀ p ∈ P , α.p = β.p, where α.p (or β.p) is the value of the property p of the instance α (or β respectively).
We recall here the context of application. A problem represents a failure situation, and a solution is the cause of failure. Causes are classified into several classes defined by experts such as "inadequate sensor technology", "contaminated gas sensor", "high humidity", etc. Our AKA approach aims at discovering the attributes shared by the cases whose causes belong to the same class. Such attributes are considered the cause of the failure, and are transformed into adaptation conditions.
Our approach consists of the following main steps:
Step 1. Split source cases into subsets according to their classes of cause. A case may have different causes and can thus be found in several sets.
Step 2. Build the formal context of each set of cases. We define the multi-valued formal context K = (C, A, W, I) where C is a set of cases having the same A formal concept is defined as a pair C(C, A×W ) whose extension, ext(C) = C is a set of cases, and intension, int(C) = A × W , is a relation between A ⊆ A and W ⊆ W such that: ∀ c ∈ C, ∀ (a, w) ∈ A × W , c.a = w, i.e. all cases that belong to the extension have the value w for the attribute a.
Step 4. Obtain the adaptation conditions specific to each case. Every formal concept leads to a set of adaptation conditions, denoted CA, applicable to cases belonging to its extension. Let (C, A×W ) be a formal concept. For all (a, w) ∈ A × W , an adaptation condition is obtained as follows:
• Equality condition: w ∈ V ⇒ each substitution w γ, γ ∈ V, is subject to an equality condition; i.e. γ must be the same instance as w to accept their substitution.
• Property-based condition: w ∈ P ⇒ each substitution α β, such that α, β ∈ V and α.a = w, is subject to a property-based condition; i.e. β must have the property a with the value w to accept the substitution.
• Concept-based condition: to obtain such conditions, we use the Logical Concept Analysis (LCA) approach.
We write the problems of cases using the propositional logic. The variables of this logic are elements of V (i.e. instances of the ontology O). This logic uses only the conjunction connector (∧):
According to the LCA approach, int(C), is a propositional formula that corresponds to the disjunction of cases' problems. We write this formula in a conjunctive normal form (i.e. conjunctions of disjunctions): (2) Let (a 1 ∨ a 2 ∨ . . . ∨ a n ) be a block satisfying the previous rule. Let O ∈ O be the least common subsumer of the instances (a 1 , a 2 , . . . , a n ), and V ⊆ V be the set of all instances (direct or not) of the concept O. This block can be generalized by the concept O if: m/|V | µ, where m n is the number of different instances in (a 1 , a 2 , . . . , a n ), |V | is the cardinality of V , and µ = 0.7 is a specific threshold defined by experts. This means that the observation of the majority of instances of some concept in a given situation allows us to expect the observation of other instances of the same concept in the same situation.
Meeting these two rules leads to a concept-based condition defined as follows: each substitution a i α, such that 1 i n, is acceptable if α is an instance of O.
Example
We explain our approach through a simplified example. From this context, we identify the formal concepts organized by the subsumption relationship ≤ c (Fig. 4) . Let us take, for example, the following concept:
Each formal concept leads to a set of adaptation conditions applicable to the cases of this concept. For example, case 2 has three sets of conditions. The following table illustrates the conditions corresponding to C 1 :
is subject to CA 1 Cl 2 α property-based condition over is mono atomic.
ir-p α concept-based condition associated with the concept Infrared-Sensor.
but also a trace of how these cases have been adapted. Dial relies on two types of adaptation knowledge: memory search cases encapsulating information about the steps in the memory searches performed during adaptation; and adaptation cases encapsulating information about the adaptation problem as a whole. Hanney and Keane 15 proposed a method to learn adaptation rules from a case base by exploiting differences between cases. This strategy was applied later by Cabamaka, 4 a semi-automatic AKA system. Cabamaka uses data mining techniques to discover variations (similarities and dissimilarities) between source cases. It extracts the frequent closed itemsets (FCIs) of the set containing pairs of source cases. These FCIs are interpreted and transformed to adaptation rules, which are then validated and modified by experts. Cordier et al. 11 proposed an opportunistic approach Iaka to acquire adaptation knowledge during problem-solving sessions by exploiting the actions done by experts.
In our work, the acquisition is done from the case base, since it allows us to reduce significantly the effort needed to acquire knowledge from domain experts. However domain experts are still needed to validate this knowledge.
As regards FCA, our work is close to the work of Dìaz-Agudo et al. 16 Although this work is not centered on AKA, it uses FCA to enhance the retrieval process and refine the case base. The authors propose to index the case base following the lattice constructed by FCA, in order to replace the usual computational retrieval approach based on similarities measures by a representational retrieval approach. The concept lattice provides with dependency rules that are implications between sets of attributes. However, some of these implications may be true in the case base but false in the problem domain, due to a lack of coverage of the case base. The case base can then be refined on this basis. This approach is specially well suited in structured domains where there is intrinsic dependencies between certain elements. Though close to this approach, our work is centered on adaptation, and more precisely on AKA, and not on the retrieval process, which is based, in our platform, on similarity measures. Adaptation conditions are acquired by using Logical Concept Analysis, a generalization of FCA. As the cases are described by means of a domain ontology, concept-based conditions as well as property-based conditions can be considered. As for dependency rules, some adaptation conditions can be true in the case base but false in the problem domain. These conditions need to be filtered by a domain expert leading to refine the ontology or the case base.
Conclusion
In this article, we presented our AKA approach based on FCA techniques. The main idea of the approach is to identify the attributes shared by cases having the same solution. Such an approach requires a precise description of concepts and instances in the knowledge base. The adaptation is done by substitution, and the acquired adaptation knowledge corresponds to conditions used to verify the eligibility of identified substitutions between a target and a source problem. Our approach has been implemented within the COBRA platform. COBRA is actually used to help to diagnose failures of gas sensors. It can be used also for other domains of applications accepting the assumption: if two problems have two similar solutions, this is due to similarities between these problems. We think this approach is well suited for diagnosis problems. We now plan to examine to what extent it could be used for the exploitation of accident case bases in order to help experts to determine accident causes in high risk industries.
